This paper tests the hypothesis that microfinance reduces poverty at macro level using cross-country and panel data, based on the Microfinance Information Exchange (MIX) data on MFIs and the new World Bank poverty estimates. Taking account of the endogeneity associated with loans from MFIs, our econometric analysis shows that a country with higher MFIs' gross loan portfolio tends to have lower levels of FGT class of poverty indices. Contrary to recent micro evidence based on randomised evaluations pointing to no or weak effect on poverty, there is robust confirmation of the poverty reducing role of microfinance. Significantly, microfinance loans are negatively associated with not only the poverty headcount ratio, but also with the poverty gap and squared poverty gap, implying that even the poorest benefit from them. The case for channelling funds from development finance institutions and governments of developing countries into MFIs is thus reinforced. Our assessment has added significance as the tide seems to be turning against microfinance as a means of poverty alleviation.
I. Introduction
Most of the recent studies of the impact of microfinance on poverty or income have relied on micro-level evidence based on household data or entrepreneurial data (e.g. Hulme and Mosley, 1996 , Mosley, 2001 , Khandker, 2005 , Imai, Arun and Annim, 2010 , Imai and Azam, 2010 . Due to the scarcity of reliable macro data on microfinance, macro-level studies of the impact of microfinance on poverty are rather limited. However, there are a few recent works that investigate the relationship between the macro economy and microfinance activities and/or performance, such as Ahlin et al. (2010) , Ahlin and Lin (2006) and Kai and Hamori (2009) , among others. The thrust of these studies is either to examine the environmental context in which microfinance operates, or investigate the potential effect of microfinance on key macroeconomic variables, such as gross domestic product or inequality. The findings of a significant relationship between operations of microfinance institutions (MFIs) and the macro economy corroborates the recent evidence based on household data sets which posits that microfinance has a poverty reducing effect (e.g. Khandker, 2005 , Gaiha and Nandhi, 2009 , Imai, Arun and Annim, 2010 .
But this consensus over the impact of microfinance on poverty has come under deep scrutiny in recent randomised evaluations of microfinance (e.g. Banerjee et al. 2010 , Karlan and Zinman, 2009 , Feigenberg et al. 2010 . Some have, in fact, questioned the impacts in terms of poverty reduction, promotion of gender equality, and reduction in child mortality. Indeed, a contrary view that microfinance is oversold is gaining credibility 1 . Not only are these studies flawed in a few respects but also a trifle misleading. Our analysis with cross-country data (including a panel) point to robust poverty reducing effects of microfinance, as elaborated below.
The challenges for empirical macro studies of microfinance include (a) identifying an appropriate measure of microfinance activities, in terms of 'availability' or 'intensity'; (b) identifying the effects of 'performance', distinguished from 'presence' and 'scale' of microfinance on macro indicators; and (c) examining the robustness of coefficient estimates related to microfinance. Building on the small but emerging literature on analysing the impacts of microfinance from a macro perspective, the present study aims to examine the relationship between MFI's gross loan portfolio and FGT class of poverty This paper tests the hypothesis that microfinance reduces poverty using cross-country data, including a panel. More specifically, we examine whether a country with higher MFI's gross loan portfolio has lower poverty, after controlling for other factors associated with poverty (e.g. GDP per capita, an index of financial development and regional dummies), and taking account of the endogeneity associated with MFI's gross 1 For a comprehensive but somewhat agnostic appraisal of recent evidence, see Rosenberg (2010) . 2 The Foster-Greer-Thorbecke class of poverty indices comprise the headcount ratio, incomepoverty gap and a distributionally sensitive poverty index that assigns highest weights to the poorest (Foster et al. 1984) .
loan portfolio.
The rest of the paper is organized as follows. The next section summarizes the recent evidence of the effects of microfinance on poverty in developing countries. Section III provides a brief explanation of the data which the present study draws upon. Econometric specifications and are discussed in Section IV. The main results and simulations are given in Sections V and VI respectively. The final section offers some concluding observations.
II. Recent Studies of Poverty and Microfinance: Is Microfinance Oversold? (a) Randomised Trials
Let us first review the evidence adduced in favour of the proposition that microfinance (or microcredit) is oversold as a poverty reducing policy instrument 3 . Until recently, most studies found that microcredit was responsible for important economic and social benefits.
These include lifting large numbers-especially women-out of poverty, financing of microenterprises that raised incomes, better health and education and social empowerment 4 . Armendariz and Morduch (2005) , however, are sceptical of these outcomes as the separation of causal effects of microcredit from selection effects is typically unsatisfactory. One way of separating these effects is to carry out randomised trials.
Let us therefore review two recent studies using randomised trials to test microfinance impact. Essentially, the procedure involves a large enough group of subjects that is randomly divided into those who get a loan and others who do not. If the beneficiaries 3 This review draws upon but is not confined to the appraisal of recent evidence in Rosenberg (2010) . 4 There is a surfeit of definitions of empowerment. One that is widely used is that women's empowerment is about the process by which those who have been denied the ability to make strategic life choices acquire such ability (Kabeer, 1998). experience better outcomes than the control group (identical in all respects other than being given a loan), these outcomes are then attributed to the loans.
Two studies (Banerjee et al. 2009, and Karlan and Zinman, 2009 ) focused on microcredit clients over a short period of 12-18 months found no evidence of improvements in household income or consumption, although other benefits showed up 5 .
As the Banerjee et al. (2009) study is far more detailed and insightful, our review concentrates on it.
In 2005, 52 of 104 neighbourhoods in Hyderabad (the fifth largest city in India) were randomly assigned for opening of an MFI branch by one of the fastest growing MFIs in the area, Spandana, while the remainder were not. 15-18 months later, a household survey was conducted in an average of 65 households in each slum, a total of 6850 households. In the mean time, other MFIs had also started their operations in both treatment and comparison households, but the probability of receiving an MFI loan was still 8.3 percentage points higher in treatment areas than in comparison areas.
This study examines the effect on both outcomes that directly relate to poverty such as consumption, new business creation, business income as well as measures of other human development outcomes such as education, health and women's empowerment.
(1) Households in treatment areas are 13.3 percentage points more likely to report being Spandana borrowers-18.6 % versus 5.3 %. The difference in the percentage of households saying that they borrow from any MFI is 8.3 percentage points, so some households borrowing from Spandana in treatment areas would have borrowed from
another MFI in the absence of the intervention.
(2) While the absolute level of total MFI borrowing is not very high, it is almost 50 per cent higher in treatment than in comparison areas. Treatment households also report significantly more borrowing from MFIs than comparison households.
(3) 1 in 5 of the additional MFI loans in treatment areas is associated with the opening of a new business: 1.7 percentage points more new businesses due to 8.3 percentage point more MFI loans.
(4) Business owners in treatment areas report more monthly business profits than business owners in comparison areas.
(5) Averaged over old business owners, new entrepreneurs, and non-entrepreneurs, there is no significant difference in total household expenditure (6) However, there are shifts in the composition of expenditure: households in treatment areas spend more per capita per month on durables than do households in comparison areas. Further, focusing on spending on durable goods used in household business, the difference is more striking: households in treatment areas on average spend more than twice as much on durables used in a household business.
(7) Increase in durables spending was partially offset by reduced spending on temptation goods: alcohol, tobacco, betel leaves, gambling and food consumed outside the home.
(8) Women in treatment areas were no more likely to make decisions about household spending, investment, savings or education than in comparison areas.
(9) A common finding of many studies is that women spend more on child health and education. However, there is no effect on health or education outcomes.
(10) Households who have an old business significantly increase their durable spending, averaged over borrowers and non borrowers in treatment versus comparison areas. (1) As economic poverty is not just a matter of low incomes but also of irregular and uncertain incomes, credit and savings have a vital role in consumption smoothing and in dealing with health and other contingencies. Over the year, the average Diary household used 8 to 10 different types of financial instruments.
(2) Although the poor combine informal sources of financing (e.g. friends, relatives) with microfinance, the latter is preferred because it is considered more reliable. This is corroborated by other evidence about customers arriving in droves to enlist for microfinance, propelled by word of mouth; and by high repayment rates (Rosenberg, 2010) 6 .
(3) If microcredit is used for smoothing consumption and contingencies that could impair productive capacity of the poor, as Portfolios reveal, its poverty alleviating role is intact.
(c) Other Evidence
Let us now turn to other evidence-based on detailed econometric analysis of household surveys-that corroborates the poverty alleviating role of microfinance. Our review is confined to India and Bangladesh. Imai, Arun and Annim (2010) analysed the impact of access to MFIs and MFI loans on household poverty in India, drawing upon a national-level cross-sectional household data for India in 2000 collected by EDA rural systems. They found that access to MFIs and MFI loans significantly reduced poverty. They used an Index Based Ranking (IBR)
Indicator, which reflects multi-dimensional aspects of poverty, covering aspects of food security, assets, health, employment and agricultural activities. 7 To address the issue of endogeneity, the treatment effects model, a version of the Heckman sample selection model, a Tobit model and a propensity score matching (PSM) model were used to estimate poverty-reducing effects of access to MFIs and loans used for productive purposes, such as investment in agriculture or non-farm businesses. They found that for households in rural areas, a larger poverty reducing effect of MFIs is observed when access to MFIs is defined as taking loans from MFIs for productive purposes than in the case of simply having access to MFIs. In urban areas, on the contrary, simple access to
MFIs has larger average poverty-reducing effects than taking loans from MFIs for productive purposes. That is, clients' intended use of loans is important in determining poverty reduction outcomes. This implies that it would be important for development partners and other stakeholders to develop a consistent framework to monitor the usage of loan with adequate flexibility to capture different levels of participation of households.
Imai and Azam (2010) In sum, microfinance, particularly loans for productive purposes, reduced poverty significantly in both India and Bangladesh. 8 There is, however, a risk of overstating the case for productive use of loans without examining inter-temporal implications of consumption smoothing and coping with contingencies.
In what follows, our analyses with cross-country data -including a panel-robustly
show that a country with higher MFIs' gross loan portfolio tends to have lower levels of FGT class of poverty indices, corroborating the poverty reducing role of microfinance. It is notable that microfinance loans are negatively associated with not only the poverty headcount ratio, but also with the poverty gap and squared poverty gap, implying that even the poorest benefit from them.
III. Data
The present study analyses the role of microfinance -volume/scale of activities (not performance/quality)-on poverty, using cross-sectional data covering 48 countries in the developing regions for 2007 9 . The cross-sectional data are supplemented by a two-period (2003 and 2007) panel covering 61 countries. 10 This is based on the data generated by
Microfinance Information Exchange (2010) We also argue that the number of active borrowers is likely to be endogenous in a poverty equation in association with possible measurement errors. In view of the emerging literature on microfinance clients' multiple membership, the issue of measurement error is plausible since the number of active borrowers over time can move in opposite directions from the perspective of the country and the MFI. Srinivasan (2009) and Wright and Rippey (2003) discuss the issue of 'client's debt hang' that is likely to emerge from multiple borrowing. In this event, the expected poverty-reducing effect as a result of changes in the number of active borrowers of microfinance institutions will be uncertain. We circumvent this difficulty by using an IV measure of GLP/borrowers. This is used as an alternative to an IV measure of GLP.
With the usual data constraint in finding a valid instrument that satisfies 'an exclusion restriction', that is, correlates with gross loan portfolio/number of active borrowers but not poverty, this papers uses lag of five-years average of gross loan portfolio (number of active borrowers) weighted by the number of MFIs for every country 15 . The unit of analysis for the econometric exercise is the country.
Equations (1) and (2) below describe respectively the structural and reduced form of least squares used in estimating the relationship between gross loan portfolio and poverty. Two variants of Equations (1) and (2) One of the important limitations pointed out by micro-studies is that microfinance or microcredit does not necessarily reach the poorest of the poor (e.g. Morduch, 1999) . To further investigate this from the macro perspective, we examine the effects of gross loan portfolio on poverty gap (which measures depth of poverty) and squared poverty gap (which measures severity of poverty).
V. Results
Figures 1 to 3 below, describe the patterns and trends in size and outreach of the microfinance industry using real gross loan portfolio (after adjusting inflation), number of (Figures 1-3) , variations in these indicators over time and across different regions suggest the need to develop a meaningful index that pulls together all three variables.
In terms of the macro indicators, SSA, as expected, is the poorest region for both periods irrespective of the measure (incidence, depth and severity) in question. The results of multivariate regressions are given in Tables 2 to 7 and simulation   outcomes in Table 8 . With a view to examining the hypothesis of a relationship between gross loan portfolio and poverty (incidence, depth and severity), fourteen different cases (i.e., six for cross-sectional regressions and eight for panel data regression) are examined for each poverty measure. Six different cases using cross section data for 2007 are given in Tables 2, 4 and 6 and eight cases are given in Tables 3, 5 and 7, using two-period (2003 and 2007) panel data. In Tables 2, 4 and 6, OLS is applied for columns (1) to (4) and IV for columns (5) and (6). The estimations in columns (1) to (4) are robust (corrected for heteroscedasticity), and examine cases either using GLP with and without regional dummies, or GLP/NOAB with and without regional dummies. The different specifications are motivated by policy concerns that underlie each of the cases. In a similar fashion, the IV (columns (5) and (6) of Tables 2, 4 and 6) and panel (Tables 3, 5 and 7) estimations examine the cases for GLP and GLP/NOAB.
Three measures of the FGT class of poverty indices are used. Thus, Tables 2 and 3 contain all the estimations (OLS, IV, Fixed Effects (FE) and Random Effects (RE)) for the poverty headcount ratio; Tables 4 and 5 considers the case for the poverty gap (depth) and Tables 6 and 7 investigates the severity of poverty (squared gap). .77 ----** Significant at one percent; * significant at five percent; † significant at 10 percent; t-values are in parenthesis ; ᶿ nation effect; and ᶹ regional effect
In column (1) of Table 2 , all three specifications using the cross section data shows that GLP is negatively and significantly associated with a poverty headcount ratio, which is consistent with our hypothesis that GLP reduces poverty. Because MFI loan is defined in log, we observe that a 1% increase in MFI loan reduces poverty by 0.0214% in the case of the IV estimation (in column (5) of Table 2 ). 20 The coefficient estimate of log of gross loan portfolio of MFI is negative and significant at 1% level. As expected, GDP per capita is negative and shows a 1% statistical significance irrespective of the specification or the estimation method chosen. Also, consistent with the finance-poverty literature, we also find that the coefficient estimate of share of domestic credit to GDP is negative and significant in some cases (columns (2), (3) and (5) of Table 2 ).
Columns (2) and (4) explore the potential effect of regional dummies on incidence of poverty using log of gross loan portfolio and log of loan per borrower respectively. Log of gross loan portfolio of MFI is negative and significant at the 5% level. The effect of log of loan per borrower is significant in the IV estimation, but not in the OLS. Inclusion of regional dummies in the poverty headcount equation reveals that ECA, with LAC as the reference case, has a significant negative coefficient (at the 5% level in three out of the four cases). Also, SA and SSA dummies are positive with a higher level of statistical significance in all four cases. This implies that SA and SSA have higher poverty headcount levels relative to LAC. These regression results are consistent with the summary statistics of Table 1 , where both poverty levels and GDPPC shows that SA and SSA trail LAC.
Columns (5) and (7) present the IV estimation with the aim of resolving the potential endogeneity of microfinance variables in the poverty headcount equation, that is, gross loan portfolio and number of active borrowers. As discussed earlier, the endogeneity may be due to either bi-causality or measurement errors depending on the variable in question.
For instance, in terms of a bi-causal relationship between gross loan portfolio and poverty headcount, we allude to the fact that investors who are inclined to poverty reduction might direct their financial resources to countries and regions where poverty is high.
Appendices 2 and 3 show the correlation matrix and the first stage IV estimation which offer a justification for the validity of our instruments. Instruments used in the two cases of columns (5) and (6) Tables 3, 5 and 7 show the results based on panel estimations for the poverty headcount ratio, depth and severity, respectively. In Table 3 , the poverty headcount ratio is estimated by the same set of explanatory variables. The number of observation is 99. It is noted that this estimation is based on highly unbalanced panel data and thus the results have to be interpreted with caution (see Appendix 4 for the list of countries and frequencies of observations). A similar pattern of results is observed, that is, gross loan portfolio of microfinance institutions is negatively associated with incidence of poverty, after controlling for the effects of other covariates and unobserved heterogeneity.
In Tables 4 and 5 , we have replicated both the cross-sectional and panel regressions by replacing the poverty headcount ratio with the poverty gap. To avoid cluttering the text, we summarise the key findings. All three cases show significant negative effects of log of gross loan portfolio of MFIs, implying the potential of microfinance in reducing the depth of poverty. The other explanatory variables show expected signs too. In columns (4) and (6), log of loan per borrower has negative but non-significant coefficients. The results of IV estimations in column (6) of Table 3 support our hypothesis that GLP reduces poverty gap but the evidence is weak.
This hypothesis is further corroborated by random effects estimations in columns (7) and (8) of Table 5 . In both cases (GLP and loan per borrower), there is a significant negative effect. Both the Hausman and theta statistics favour random effects over fixed effects. imply that GLP of MFIs benefits not just the poor but also the poorest. In sum, gross loan portfolio of MFIs is negatively associated with the incidence, depth and severity of poverty.
VI. Simulations
That microfinance is impervious to the global recession following the financial crisis is In addition to the Hausman test, we calculate theta (measure of the extent of biasedness of random effects' model) and we observe values close to one (greater than 0.75) for each of three estimations. This supports the fact that country/regional effects over time are important and cannot be ignored. Use of the theta, which is preferred due to the strong finite assumption underlying the Hausman Test, further supports our choice of fixed effects model. 22 For a comprehensive review, see Llanto and Badiolo (2010) .
clients. The effects on the poor through MFIs are, however, largely anecdotal. An attempt is made below to simulate the likely effects of the global recession. In the context of the recent global recession, we examine the possible slowdown of poverty reduction 23 as a result of contraction (i) in gross loan portfolio of MFIs, (ii) GDP per capita and (iii) domestic credit provided by banking institutions. Table 8 reports the simulation results on the basis of the IV estimation reported in column (5) of Table 2 .
and a panel for 2003 and 2007 . Taking account of the endogeneity associated with loans from microfinance institutions (MFIs), there is robust confirmation that microfinance loans are significantly and negatively associated with poverty, i.e., a country with a higher MFIs' gross loan portfolio tends to have lower poverty, after controlling for the effects of other factors influencing it. The negative relationship remains unchanged when the poverty headcount ratio is replaced by the poverty gap and squared poverty gap.
These results suggest that microfinance not only reduces the incidence of poverty but also its depth and severity. The panel results further corroborate these findings.
Other factors that contribute to poverty reduction include GDP per capita and share of credit in GDP (as a measure of financial development of an economy). Besides, there are significant regional effects.
Our simulations point to worsening of poverty in a mild recession scenario with small reductions in gross loan portfolio, GDP per capita and share of credit in GDP. These simulations are helpful in adding precision to anecdotal evidence about how setbacks to MFIs hurt the poor. Indeed, sustained flows to MFIs may help avert to some extent accentuation of poverty as a consequence of the slow and faltering recovery of the global economy.
In conclusion, assertions that microfinance is 'oversold' and lacks the 'magic' associated with it are widely off the mark, if not largely mistaken. 
